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Abstract—Merging at highway on-ramps while interacting
with other human-driven vehicles is challenging for autonomous
vehicles (AVs). An efficient route to this challenge requires ex-
ploring and then exploiting knowledge of the interaction process
from demonstrations by humans. However, it is unclear what
information (or the environment states) is utilized by the human
driver to guide their behavior over the whole merging process.
This paper provides quantitative analysis and evaluation of the
merging behavior at highway on-ramps with congested traffic
in a volume of time and space. Two types of social interaction
scenarios are considered based on the social preferences of
surrounding vehicles: courteous and rude. The significant levels
of environment states for characterizing the interactive merging
process are empirically analyzed based on the real-world INTER-
ACTION dataset. Experimental results reveal two fundamental
mechanisms in the merging process: 1) Human driver selects
different states to make sequential decisions at different moments
of task execution and 2) the social preference of surrounding
vehicles has an impact on variable selection for making decisions.
It implies that for autonomous driving, efficient decision-making
design should filter out irrelevant information while considering
the social preference of the surrounding vehicles, to reach a
comparable human-level performance. These essential findings
shed light on developing new decision-making approaches for
AVs.
Index Terms—Social interaction, merging behavior, decision
making, highway on-ramps.
I. INTRODUCTION
MERGING at highway on-ramps with congested trafficis a daily-routine but challenging task in the real world.
Understanding the seemly mundane merging processes demon-
strated daily by human drivers is critical for autonomous vehi-
cles (AVs) that can safely and efficiently interact with humans
around them [1]. In the mixture traffic, AVs must effectively
respond to the contextual changes. Inefficient collaboration
with its surrounding human can cause typical highway traffic
issues such as oscillations, congestion, and speed breakdown
[2], [3]. According to the recent report of the National High-
way Traffic Safety Administration (NHTSA) [4], near 30,000
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Fig. 1. Illustration of the two typical highway on-ramp merge scenarios with
different social preferences of the surrounding vehicles: courteous (top) and
rude (bottom). Top: The black vehicle behaves courteously and allows the ego
vehicle to cut in ahead. Bottom: The black vehicle behaves rudely and forces
the ego vehicle to yield.
highway merging collisions occurred per year in the USA.
The desired merging execution should guarantee traffic safety
while avoiding congestion. Fig. 1 shows a typical highway on-
ramp merge scenario. The merging vehicle (denoted as the ego
vehicle) moves on a merge lane is merging into the mainstream
traffic flow on the highway, while interacting with its sur-
rounding vehicles. The ego vehicle needs to make a sequential
decision according to their situation-awareness1 which essen-
tially is related to the augmented perceptual information of
the environment states. The augmented perceptual information
consists of direct perceptional information of the environment
and indirect inferred causes, both are intrinsically dynamic
and stochastic. The typical selected perceptual information for
decision-making and task-execution of merging at highway on-
ramps includes the state of the ego vehicle and surrounding
vehicles and their variants, such as their relative gaps and time-
headway. However, the above-selected variables might vary
over time and space and get influenced by other human driver’s
social preferences, for example, competitive and prosocial.
On the one hand, the social preference of the surrounding
vehicles might impact the ego vehicle’s decision. Considerable
efforts of decision-making algorithms have been made to exe-
cute the merging task at highway on-ramps. The surrounding
human driver makes the merging task more challenging due
to the variety of social preferences [6], [7]. For instance,
in some scenarios (the top case in Fig. 1), the surrounding
1The situation-awareness is formally defined as a person’s perception of
the elements of the environment within a volume of time and space, the
comprehension of their meaning and the projection (also known as prediction)
of their status in the near future [5]
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vehicle behaves courteously by slowing down and leaving
an acceptable gap ahead to allow the ego vehicle to cut in.
In some other scenarios (the bottom case in Fig. 1), the
surrounding vehicle acts rudely by narrowing down their gap
ahead, thus forcing the ego vehicle to select the next gap for
cutting in. Besides, studies of human social decision making
under controllable laboratory settings demonstrate that humans
make sequential decisions and execute specific tasks based
on different preferences [8]. However, it is unclear whether
the mechanisms implicated in simple social decisions in the
laboratory are paramount to the decisions in complex driving
scenarios, such as merging at highway on-ramps.
On the other hand, the informational needs of human drivers
for achieving the task vary over time and space. In real-
life situations, generic laboratory evidence reveals that some
features of the environment are not readily observed but
critical for guiding appropriate behavior [9], while someones
are salient but irrelevant for task performance [10]. Human
does not utilize all of the sensory information (or the whole
states of the environment), instead only a few aspects of them,
to make decisions [11]. Take the typical merging behavior,
for example, a human driver would use some critical states of
the dynamic environment to decide which gap is acceptable,
and then dilute the significance of some of them over time
and space to execute other subtasks. Therefore, an empirical
investigation of the relevance in the merging scenarios at
highway on-ramps is much needed.
The above analysis signifies that in a highway merging
scenario with congested traffic, the ego vehicle’s decision-
making has a strong connection to the social preference of
the surrounding vehicles. However, there are still unclear
mechanisms asked by three fundamental questions:
• What are the relevances (or the states of the environment)
to guide human drivers to make a decision?
• How are the relevances (or the states of the environment)
changing over time and space?
• How do the social preferences of the surrounding humans
make these relevances different?
Based on the above questions, this paper conducts a compre-
hensive analysis using a real-world dataset. This paper aims to
bridge the gap between the merging driver’s decision-making
and surrounding human driver’s social preferences over time
and space. To this end, we extract the merging scenarios
from the real-world dataset and classify them into two groups
according to the surrounding vehicles’ social preferences. We
then take a quantitative analysis and evaluation of how the
ego vehicle utilizes the environment states to make decisions
over the merging process. Finally, we provide a comparison to
reveal that social preference has an impact on the ego vehicle’s
decision-making.
The remainder of this paper is organized as follows. Sec-
tion II reviews related works on merging behaviors, variable
selection, and social behavior. Section III defines the merging
scenarios. Section IV discusses real-world datasets, data pre-
processing, and method. Section V analyzes the experimental
results and provides further discussion. Finally, Section VI
gives the conclusion.
II. RELATED WORKS
In this section, we first analyze the development of merging
behavior and variable selection. Then, we review the related
research on social behavior. Finally, we make a summary based
on the above two aspects.
A. Merging Behavior & Variable Selection
In general, merging behavior can be distinguished as dis-
cretionary (changing the driving condition) and mandatory
(reach the target lane/destination). Highway on-ramp merge
is a typical mandatory merging task with social interactions.
Much research on highway merge has been conducted. At first,
the gap acceptance theory is the most typically used one by
assuming that the merging vehicle can merge into the target
lane if the gap between the assumptive lead and lag vehicles
is acceptable [12]–[14]. However, this is often not the case in
practice. The vehicle will still initiate merging behavior even if
the selected gap is less than the critical value. This situation is
particularly common at highway on-ramps in congested traffic
because the merging vehicles suppose to merge into the main
road as quickly as possible, so its tentative merge intention will
still occur even if the selected gap does not meet the distance
requirements [15]–[17]. The binary logistic model was then
built to describe the probability of merging decisions [18]
using the gap, vehicle speed, and remaining distance to the end
of the ramp [2], [19]. The probabilistic design of the highway
merge was also presented considering time gap, speed, and
acceleration [20].
In order to consider the heterogeneity among drivers, Weng,
et al. [21] developed a mixed probabilistic merging model. In
their model, two surrogate safety measures, including the time
to collision (TTC) and deceleration rate to avoid the crash
(DRAC), were introduced besides the vehicle types, elapsed
time, speed, and remaining distance. After that, a finite mixture
of the logistic regression model was applied to analyze the
heterogeneity for different drivers based on the gap, (relative)
speed/distance, distance to the start of the ramp, and whether
a lead vehicle exists in the merge lane [22].
Besides, the time-varying effects of different variables are
also considered to describe dynamic merging behavior. The
lane position information, vehicle parameters, and head motion
were selected to infer driver intent [23]. The Cellular Au-
tomata models incorporating the dynamic behavior were also
developed [24]. From the perspective of safety and collision
avoidance, Weng, et al. developed a time-varying mixed logit
regression model to describe the merging process and then
analyzed the time-varying effects of variables on merging
behavior, including the vehicle speed, vehicle type, and crash
probability and severity [25]. They claimed that the vehicle
crash probability and severity were the contributory factors
instead of vehicle speeds and gap sizes.
With the fact that the surrounding vehicle also needs to
make a response to the merging behavior, researchers in [26]
applied the game theory to make the interaction more under-
standable. In recent years, data-driven methods have drawn
more attention. For example, classification and regression trees
(CART), Bayesian network (BN), and fuzzy logic models
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were used in developing merging decisions based on variables
including relative speed, lead/lag gap, and remaining distance
[27]–[29].
B. Social Behavior
Humans will consider social interactions rather than their
own individual goals when making decisions [8]. It is an
essential capability for autonomous vehicles to identify social
behavior, and thus make interpretable decisions accurately.
Usually, the environment states in the real world are par-
tially observable and dynamic and can be formulated via a
time-dependent partially observable Markov decision process
(POMDP) to improve the naturalness and social propriety
[30]. By leveraging social conventions into the optimization
constraints, a path planning and navigation framework was
developed [31]. Wei, et al. [32] proposed a Bayesian-based
social behavior framework to predict other agents’ intentions,
thus enabling more sociable decisions of the autonomous
system. Sun, et al. [33] introduced courteous planning to
reduce the inconvenience of human drivers and benefit both
sides. Based on social gracefulness, Ren, et al. [34] proposed
a model predictive control method to tackle the two-player
game, allowing autonomous vehicles to learn more social
behaviors. By considering both rational and irrational social
behaviors, Hu, et al. [35] presented a prediction framework
to estimate continuous trajectories of surrounding vehicles.
By defining the optimal control problem and formulating the
appropriate algorithm, Speidel, et al. [36] proposed a planning
framework to avoid too aggressive. Schwarting, et al. [6]
borrowed the Social Value Orientation (SVO) from the field
of social psychology to quantify the degree of selfishness or
altruism, which provides the basis for solving dynamic games
in a socially acceptable way.
C. Summary
In terms of decision making and variable selection, almost
all the existing research on merge behavior only concerns the
static analysis, but merely considers the dynamic dominant
states of the environment over the merging process. How-
ever, it is not clear whether the effects of dominant states
may change over time and space, which is also one of the
fundamental problems studied in this paper. Research in [25]
analyzed the time-varying effects of different variables over
the merging behavior; however, their significant analysis was
based on the univariate statistical technique, i.e., analyzing a
single variable while fixing other variables. This analysis could
cause biased conclusions since multiple variables can influence
the merge behavior simultaneously in reality. Besides, they
neglected the influences of human drivers with various social
preferences on the variable selection. More specifically, they
did not consider the interactions between the merging vehicle
and the rude social preference of the surrounding vehicles.
For the social interaction, individual drivers usually have
variety in social preferences, reflected by the differences in
reactions and motivations. Therefore, at different moments of
the merging process, AVs need to be aware of which variables
are necessary to make appropriate decisions. Many studies
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Fig. 2. Illustration of the two typical highway on-ramp merge scenarios
wherein two surrounding vehicles (lead vehicle and lag vehicle) are interacting
with the ego vehicle. The transparent vehicle represents the initial position of
vehicles at the start moment of ts.
have made efforts to enable AVs more prosocial. However,
none of them consider the near-collision or adversarial inter-
action scenarios in which both human drivers and AVs must
be capable of tackling in real traffic.
In summary, the three fundamental questions asked in the
Introduction remain open in existing research. Answers to
these three questions can improve the AV’s decision perfor-
mance in highway merging scenarios and ensure better social
interactions.
III. INTERACTION PROCEDURE OF SOCIAL MERGING
BEHAVIOR
In this section, we first specify the two merging scenarios
at highway on-ramp (Fig. 2) concerned in this paper. In
this scenario, the ego vehicle travels on the merge lane and
intends to merge into the highway on which two assumptive
surrounding vehicles are moving forward. We then defined
three critical moments of the merging process to facilitate
analysis and finally discussed variable selection.
A. Definitions of Surrounding Vehicles
We mainly considered two surrounding vehicles that interact
closely with the merging vehicle. To make the concerned
scenarios clear, we name these two surrounding vehicles based
on their final position to the merging vehicle when the merge
task is completed.
• Lead vehicle: When completing the merge task, the
nearest vehicle in front of the merging vehicle is denoted
as the lead vehicle. It should be noted that during the
merging process, the lead vehicle may be located at the
left-behind area of the merging vehicle at the beginning,
for example, the blue car in the scenario of Fig. 2(b).
• Lag vehicle: When completing the merge task, the nearest
vehicle behind the merging vehicle is denoted as the lag
vehicle, for example, the black car in the scenario of Fig.
2(a) and (b).
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Start moment
ts
Middle moment
tm
End moment
te
Fig. 3. Illustration of the three critical moments (ts, tm, and te) of the
merging process at highway on-ramps.
B. Critical Moments
Vehicles usually merge into the traffic flow on the highway
from on-ramps on the right side because the vehicle speed on
the rightmost lane is usually the slowest for countries with
right-hand traffic. Hence, this paper mainly focuses on the
left merge behavior at highway on-ramp scenarios. In order to
study the dynamic changes over the whole merging process,
three critical moments (as shown in Fig. 3) are defined:
• Start moment: The start moment ts refers to the moment
that the left front tire of the ego vehicle crosses the
boundary between the merge lane and the rightmost
highway lane.
• End moment: The end moment te refers to the moment
that the centroid of the ego vehicle lies on the boundary
between the merge lane and the rightmost highway lane.
• Middle moment: The middle moment tm refers to the
middle moment between the start moment (ts) and the
end moment (te).
The interactions between the start and end moments defined
as above are particularly strong. More concretely, before the
start moment, the ego vehicle’s intention is usually vague
for the lag vehicle on the target lane. Once the ego vehicle
reaches the start moment ts, the target lane’s lag vehicle
can perceive the ego vehicle’s merge intention. For the end
moment te, it is illegal if the lag vehicle overtakes the ego
vehicle from that moment. Therefore, the selected information
on vehicle ontology and environmental states at the three
critical moments allows us to analyze the dynamic interaction
process of highway merge.
C. Social Merging Behavior
In a congested highway on-ramp traffic, the gaps between
vehicles are small; therefore, the merging vehicle should
actively create a large enough gap by delivering their merge
intention to its surrounding vehicles. Although there are many
surrounding vehicles in congested traffic, only the lead and
lag vehicles on the target lane have a strong interaction with
the merging vehicle. In other words, social preferences (e.g.,
courteous and rude) of the lead and lag vehicles will directly
influence the merging vehicle’s future decisions. As shown in
Fig. 1, we mainly focus on two types of social interactions
between the merging and assumptive lead/lag vehicles.
• Rude: The surrounding vehicle behaves rudely and com-
petes for the right of way with the merging vehicle
since the start moment ts. Aggressive or near-collision
behavior will show in this process because there will be
a phenomenon wherein the merging vehicle traveling at
low speed competes with the surrounding vehicle for a
while.
• Courteous: The surrounding vehicle behaves courteously
and gives way to the merging vehicle since the start
moment ts. Aggressive or near-collision behavior will not
occur during this process.
D. Variable Selection
Selecting reasonable variables is quite essential for AVs
to make decisions with strong interactions because the en-
vironmental information is redundant. Only the information
directly related to the task is beneficial for AVs to understand
the environment and make optimal decisions, while irrelevant
information should be removed as noise. For the highway on-
ramp merge, the absolute position coordinates of vehicles are
unrelated to the task. Instead, the relative distance and relative
speed should be adopted to capture the relationships between
vehicles better. Unlike the absolute position coordinates, the
ego vehicle’s absolute speed in longitudinal and lateral direc-
tion should also be introduced as references to analyze the
influence of different traffic conditions on task.
Based on previous studies, the surrogate safety measure
(SSM) between the ego vehicle and the adjacent surrounding
vehicles should also be selected to describe the risk level
[37]. Otherwise, it will cause improper merge decisions in
some critical conditions. For example, when the relative speed
between the ego vehicle and the lead vehicle on the target
lane is relatively large but the relative distance is small, the
collision risk is very high; however, the absence of SSM
will make it difficult to perceive this high risk. The standard
explanatory variable of SSM includes the deceleration rate
[38], the deceleration rate to avoid the crash (DRAC) [39], the
time to collision (TTC) [40], and the time headway (THW)
[41].
These studies and practices have shown that TTC is more
related to the risk levels and can reflect the driver’s prefer-
ences of risk. Besides, the use of TTC can also improve the
prediction accuracy of the modeling for merge decisions [42],
[43]. Therefore, we select TTC as the influencing variable in
this work. Generally speaking, the calculation of TTC needs
to satisfy that the speed of the vehicle behind is higher than
that of the vehicle ahead. However, we do not impose such
a constraint in this work. In other words, the case that the
vehicle behind moves slower than the vehicle ahead results
in a negative value of TTC, indicating the relative distance
between these two vehicles is gradually increasing. We define
the independent variables as listed in Table I. All variables
in Table I representing the relative relationship are calculated
with respect to the ego vehicle. It should be careful to compute
TTC lead in the rude scenario, which is computed by
TTC lead =

|xego−xlead|− 12 (lego+llead)
vleadx −vegox , if Condition1
|xlead−xego|− 12 (lego+llead)
vegox −vleadx , if Condition2
(1)
where Condition1 is ‘the lead vehicle is in the left- behind
area of the ego vehicle’ and Condition2 is ‘the lead vehicle
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TABLE I
DEFINITIONS OF INDEPENDENT VARIABLES
∆xlead [m] The longitudinal relative distance of the
assumptive lead vehicle and ego vehicle
∆vleadx [m/s] The longitudinal relative speed of the as-
sumptive lead vehicle and ego vehicle
TTClead [s] The time to collision between the assump-
tive lead vehicle and ego vehicle
vegox [m/s] The longitudinal speed of the ego vehicle
vegoy [m/s] The lateral speed of the ego vehicle
∆xlag [m] The longitudinal relative distance of the
assumptive lag vehicle and ego vehicle
∆vlagx [m/s] The longitudinal relative speed of the as-
sumptive lag vehicle and ego vehicle
TTClag [s] The time to collision between the assump-
tive lag vehicle and ego vehicle
is in the left-ahead area of the ego vehicle’, and TTC lag is
computed by
TTC lag =
|xego − xlag| − 12 (lego + llag)
vlagx − vegox
(2)
In addition to the independent variables defined above, we
also need to introduce dependent variables that can reflect
the procedure of the highway on-ramp merge task. This task
requires the ego vehicle to merge into the main road as soon as
possible while ensuring safety. The longitudinal distance of the
ego vehicle to the end of the ramp, ∆xend, is used to describe
the urgent level, that is, a short distance left increases the
urgent level of merge intent. We also define the lateral distance
to the lane change boundary line ∆ybdry to describe how much
of the task has been completed. So these two indicators are
selected as the dependent variables.
IV. DATASET AND DATA PROCESSING
A. Real-World Dataset
It is necessary to adopt real-world driving scenarios as a
research basis in order to study human-like maneuvers. The ac-
cessible realistic driving datasets include the Next Generation
SIMulation (NGSIM) dataset [44], the highD dataset [45], the
Argoverse dataset [46], and the INTERnational, Adversarial
and Cooperative moTION (INTERACTION) dataset [47]. We
utilize the INTERACTION dataset in this paper based on the
following reasons:
• It includes diversified interactive driving scenarios, such
as intersections, roundabouts, and merging scenarios.
• In addition to regular driving behaviors and safe opera-
tions, highly interactive and complex driving behaviors
are also densely contained, such as negotiations, adver-
sarial/irrational decisions, and near-collision maneuvers.
• It contains well-defined physical information, such as
agents’ position and speed in longitudinal and lateral di-
rections, the corresponding timestamp with the resolution
of 100 ms, the types of tracked agents (car or truck), yaw
angle, and the length and width of vehicles.
(a) Real scene
(b) Data visualization
Fig. 4. The highway on-ramp merge scenario in the INTERACTION dataset
[47] and the selected local region bounded by the red line.
B. Data Preprocessing
The INTERACTION dataset collected highway merge sce-
narios in two countries: China and Germany. The video length
of the Chinese (German) merge scenario is 94.62 (37.92)
minutes, which contains 10359 (574) vehicles. The upper two
lanes of the Chinese scenario, as shown in Fig. 4, are specially
selected because they cover a longer duration and wider variety
in social preferences.
In this work, we consider the merge scenarios that involve
three agents, i.e., the ego vehicle, the assumptive lead, and
lag vehicles on the target lane. We extracted the complete
merge behaviors to ensure that all vehicles included in the
behavior have data records between ts and te. Finally, 288 rude
and 789 courteous merging events were extracted from the
selected local scenarios based on the definition of the merging
scenarios with different social preferences (see Section III-B).
We should note that the three vehicles’ longitudinal positional
relationship is unchanged in a courteous scenario. In the rude
scenario, however, the longitudinal positional relationship will
reverse once: At the start moment ts, the lead vehicle is
upstream of the traffic flow and acts rudely to force the
merging vehicle to yield. Considering this, we calculate the
TTC between the merging vehicle and the lead vehicle by
using the positional relationship in Equations (1) and (2).
Based on the selected variables in Section III-C, we calculated
the independent variables and dependent variables. We then
divided the extracted data into three groups for each scenario
according to the three predefined critical moments, to analyze
interactions over the whole procedure with different social
preferences.
C. Methods
The Analysis of Variance (ANOVA) is a mature method to
analyze the significant level of variables through the signifi-
cance test [48]. It can deal with the mixture analysis in which
the independent variable is qualitative, while the dependent
variable is quantitative. To meet the requirement of ANOVA,
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for both merge scenarios, we divided all the independent vari-
ables at different moments into two groups according to their
median. In this way, the grouped independent variables and
quantitative dependent variables were analyzed by ANOVA
(using the SPSS software) to obtain the significance level of
independent variables at different times for different merge
behaviors.
V. RESULT ANALYSIS AND DISCUSSION
A. Analysis of Independent Variables
Figs. 5 and 6 show the statistical results of the independent
variables with rude and courteous social preferences at the start
(ts), middle (tm), and end (te) moments. A comprehensive
comparison of these variables reflects the changes in decision
making during the merging process. Note that the vehicles on
the selected highway and associated ramp move left (see Fig 4
(a)), so the absolute values of the longitudinal coordinate are
gradually decreasing (see Fig. 4 (b)), indicating that the speed
of all the selected vehicles is negative. In what follows, we
will discuss and analyze the dynamic merging process of the
ego vehicle when interacting with different social preferences
(i.e., rude and courteous) of the surrounding vehicles.
1) Interactions with rude social preferences: For the rela-
tive position between the ego vehicle and its target vehicles,
the grey bars’ values in Fig. 5(a) show that the relative distance
(∆xlead) changes from positive to negative over the merging
process. It indicates that the lead vehicle acts rudely and passes
the merging vehicle in the longitudinal direction, as illustrated
in Fig. 2(b). This is consistent with the definition of the rude
scenario: the human driver in the lead vehicle has a competitive
social preference and is more self-centered, and thus does not
allow the ego vehicle to merge into the gap ahead of it. The
mean value of ∆xlead at tm is approximately equal to zero,
which means the lead vehicle almost drives side-by-side with
the ego vehicle.
In terms of speed, the gray bars in Fig. 5(c) and (d) show
that both vegox and v
ego
y have identical trends: decreasing first
and increasing. At the middle moment, both the longitudinal
and lateral speeds of the ego vehicle decrease to the lowest
absolute value since the ego vehicle needs to understand
the behavior of surrounding vehicles and avoids collisions.
Moreover, ∆vleadx in Fig. 5(b) changes significantly from ts
to tm because the ego vehicle changes its longitudinal speed a
lot while the lead vehicle adjusts its speed slightly. Also, at the
middle moment tm, ∆vleadx is generally less than zero, which
indicates that the lead vehicle is moving faster than the ego
vehicle. After tm, both the ego and lead vehicles will gradually
increase their speed by about 60% to be consistent with the
traffic flow. However, the average value of ∆vlagx (the gray
bars in Fig. 5(f)) keeps decreasing slightly from ts to te. The
above analysis indicates that the lead vehicle behaves rudely
and will give a high priority to keep moving forward with a
near-constant speed in the merging process. The lag vehicle
keeps decelerating throughout the process to leave enough gap
for the merging vehicle to cut in.
2) Interactions with courteous social preferences: Regard-
ing the position of the involved vehicles, the red bars in Fig.
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Fig. 5. Statistical results of independent variables at the three critical moments
(ts, tm, and te) in the rude and courteous scenarios.
5(a) and (e) show that the values of ∆xlead and ∆xlag are
negative and positive for all three moments. It indicates that the
ego vehicle always stays the middle between the assumptive
lead and lag vehicles during the merging process, as shown in
Fig. 2(a). However, the averages of ∆xlead and ∆xlag increase
along with the merging process. It reveals that the lag vehicle
acts courteously by actively adjusting their speed to ensure an
adequate safety gap ahead, thus allowing the ego vehicle to
cut in.
In terms of speed, both vegox and v
ego
y decrease first and
increase then, which has the same interactions in a rude
scenario. However, due to the courteous yield behavior of the
lag vehicle, the duration of deceleration caused by the merge
duration is shorter than that in the rude scenario, causing
smaller speed changes from ts to te. At the end moment
te, all the averages of ∆vleadx are negative, while almost all
the averages of ∆vlagx are positive, which tells that the ego
vehicle will actively decelerate to keep a safe distance ahead;
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Fig. 6. Statistical results of (a) TTClead and (b) TTClag at the three critical
moments (ts, tm, and te) in rude and courteous scenarios.
meanwhile, the courteous human driver of the lag vehicle
will also slow down after detecting the merging intention and
then yield. The ego vehicle can interactively respond to the
courteous behavior of the lag vehicle. Hence, although both
the ego and lag vehicles suffer a speed loss, the speed changes
over the three critical moments are small because the game
period is shorter than in a rude scenario.
3) Comparisons: Comparisons in Fig. 5(a) and (e) reveal
that although the merging processes interacting with the rude
and courteous social preferences are quite different, their
absolute mean value and variance of ∆xlead for te are almost
consistent. The same conclusion can be obtained for ∆xlag.
Besides, the mean values of ∆xlead and ∆xlag in the courteous
scenario are almost equal to those in the rude scenario at te.
Moreover, both ∆xlead and ∆xlag obtain the lowest value
at te, which indicates that the human drivers will adjust
their relative position and speed to achieve the merging task
by finally keeping a relatively safe gap (about 5 ∼ 7 m).
Note that the changes in ∆xlead and ∆xlag after te are the
opposite: ∆vleadx at the end moment te is negative, while
most of the ∆vlagx is positive, indicating that the gaps (i.e.,
|∆xlead| and |∆xlag|) will continue to increase after merging.
In addition, when interacting with a rude surrounding driver,
∆vleadx obtains the highest average value, indicating that the
surrounding driver with a rude preference tends to accelerate
after passing over the ego vehicle.
By comparing vegox with v
ego
y in Fig. 5(c) and (d), we
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Fig. 7. Statistical results of ∆xend, the remaining longitudinal distance to
the end of merge lane at the three critical moments (ts, tm, and te) in rude
and courteous scenarios.
can see that the ego vehicle will actively slow down in both
longitudinal and lateral direction to ensure a safe merge, while
the speed change of vegoy is particularly apparent, especially
when interacting with a rude surrounding driver. Besides, Fig.
5(b) and (f) reveals that the changes of ∆vleadx and ∆v
lag
x from
ts to te in the courteous scenario are more stable compared
with that in the rude scenario.
Fig. 6 displays the statistical results of TTC lead and
TTC lag, and their changes are consistent with those indicated
by position and speed. One interesting finding is that TTC lag
changes more slightly than TTC lead, while either variable in
the courteous scenario changes more steadily than that in the
rude scenario.
B. Analysis of Dependent Variables
The above analysis is only based on the independent vari-
ables. Here, we will analyze the dependent variables ∆xend
and ∆ybdry. The definitions of the three critical moments (in
Section III-A) make the distribution of ∆ybdry the same with
each other at each moments. Therefore, we will mainly show
and discuss ∆xend (Fig. 7), instead ∆ybdry here.
Fig. 7 reveals that the ego vehicle would start a merge
behavior earlier when interacting with a rude surrounding
driver than with a courteous driver because the averaged
∆xend at ts in the rude scenario is higher than that in the
courteous scenario. However, the median and mean values of
∆xend at the other two moments in the two social scenarios
are not significantly different. Besides, the longitudinal driving
distance of the ego vehicle throughout the merging process
when interacting with a rude surrounding driver (27.5 m) is
higher than with a courteous surrounding driver (18.4 m). It
underlies that courteous social interaction may improve traffic
efficiency. Moreover, the position data in the rude scenario
are densely located near the end of the ramp because the
merge intention becomes more intense as the ego vehicle is
approaching the end of the ramp. This increasing merge intent
will make the rude surrounding vehicle more egoistic and
competitive.
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TABLE II
THE RESULTS OF SIGNIFICANCE ANALYSIS (p-VALUE) ON THE SELECTED VARIABLES AT THE THREE CRITICAL MOMENTS (ts , tm , AND te) IN RUDE
AND COURTEOUS SCENARIOS (WITH ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001)
∆xlead ∆vleadx TTC
lead vegox v
ego
y ∆x
lag ∆vlagx TTC
lag
∆xend
R
ud
e ts – – – 0.003
∗∗ < 0.001∗∗∗ – – –
tm – < 0.001∗∗∗ 0.042∗ 0.001∗∗ < 0.001∗∗∗ – 0.032∗ 0.024∗
te – – 0.028∗ – – – 0.008∗∗ –
C
ou
rt
eo
us ts 0.003∗∗ < 0.001∗∗∗ – < 0.001∗∗∗ < 0.001∗∗∗ – – 0.001∗∗
tm 0.001∗∗ < 0.001∗∗∗ 0.005∗∗ < 0.001∗∗∗ < 0.001∗∗∗ < 0.001∗∗∗ – –
te – < 0.001∗∗∗ – < 0.001∗∗∗ < 0.001∗∗∗ – 0.012∗ 0.014∗
∆ybdry
R
ud
e ts – – – – – – – –
tm – – 0.001∗∗ 0.002∗∗ < 0.001∗∗∗ – – –
te – – – – – – – –
C
ou
rt
eo
us ts – – – < 0.001∗∗∗ 0.001∗∗ – – –
tm – – 0.019∗ < 0.001∗∗∗ < 0.001∗∗∗ – < 0.001∗∗∗ –
te – – – – – 0.038∗ – –
On the other hand, in the rude scenario, all the merging
behaviors of the ego vehicle are completed before the ramp is
separated by the white diversion line, as shown in Fig. 4(a).
However, in the courteous scenario, some merging behaviors
can occur after the ramp’s end by violating the traffic rules
and driving on the forbidden region marked by the diversion
line. There are two main reasons for this phenomenon: 1) The
surrounding traffic conditions on the target lane do not meet
the merging conditions, and 2) The ahead gap is large enough
for merging. Besides, the higher the ego vehicle’s speed is,
the more likely this phenomenon will occur. The ego vehicle
courteously merges into the target lane at the cost of violating
traffic rules, and thus, it gains a shorter merging time and has
a low impact on the subsequent ramp traffic flow.
C. Significance Analysis of Variables
Until this section, the merging process with congested traffic
is analyzed based on independent and dependent variables. In
this section, we focus on the significance analysis of variables
over time and space and their difference under different social
interaction scenarios, which is corresponding to the proposed
three questions in Section I. The p-value is a random variable
derived from the distribution of the test statistic used to analyze
a data set. In this work, the significance level was set to
0.05, for which a p-value less than is considered statistically
significant: the smaller the p-value, the more significant the
variable. The results of significance analysis on the selected
variables are listed in Table II. The significance analysis
of ∆ybdry is consistent with that of ∆xend although with
small differences. Analyzing the results for the two dependent
variables comprehensively, we can get three key conclusions
as follows.
1) Social preferences of the surrounding vehicles im-
pact the variable selection of the ego vehicle to make a
decision. When interacting with a rude surrounding driver,
the ego driver would mainly rely on the relative velocity
(highlighted as orange), rather than the relative distance at
any moment (highlighted as gray). In other words, the ego
vehicle will not use the full states of the environment to
make decisions when interacting with a rude surrounding
driver in merge scenarios. Conversely, when interacting with a
courteous surrounding driver, the ego vehicle would select all
the selected independent variables to make decisions during
the whole merge process. Specifically, the relative distance
and relative speed are most significant (highlighted as red) for
the ego vehicle, but with different significance levels over the
three critical moments. In other words, the ego vehicle will
use more environment states to make decisions in a courteous
scenario than in a rude scenario. However, the vegox and v
ego
y
are significant for the ego vehicle over the merging procedure,
except for at te in the rude scenario, in both courteous and rude
scenarios.
2) Variable saliency varies over the merging process.
The changes in variable saliency in the merging process in
different scenarios are different. In what follows, we discuss
each scenario as follows.
In the rude scenario, at the moment
• ts: vegox (p = 0.003) and v
ego
y (p < 0.001) are the only
significant variables. It means that at the initial stage
of merging, the ego vehicle attempts to merge through
triggering an interaction with its surrounding vehicles by
only evaluating their longitudinal and lateral speed.
• tm: Except for vegox and v
ego
y (both with p < 0.001),
the ∆vleadx is also the most significant variable (with
p < 0.001). Moreover, the merging decision of the ego
vehicle also slightly depends on TTC lead (p = 0.042),
∆vlagx (p = 0.032) and TTC
lag (p = 0.024). The slight
dependence on ∆vlagx and TTC
lag indicates that the ego
vehicle needs to take care of the intention of the lag
vehicle while interacting with the lead vehicle to judge
the social preference of the lag vehicle.
• te: The ego vehicle makes decisions by mainly relying
on ∆vlagx (p = 0.008) and slightly relying on TTC
lead
(p = 0.028). The intuitive explanation of this is that the
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TABLE III
THE STATISTICS OF SIGNIFICANT VARIABLES AT DIFFERENT MOMENTS
FOR THE RUDE AND COURTEOUS SCENARIO (DARK BACKGROUND COLOR
REPRESENTS A HIGH SIGNIFICANCE LEVEL OF VARIABLES)
Rude Courteous
ts tm te ts tm te
vegoy v
ego
y ∆v
lag
x v
ego
y v
ego
y v
ego
y
vegox ∆v
lead
x TTC
lead vegox v
ego
x v
ego
x
vegox ∆v
lead
x ∆v
lead
x ∆v
lead
x
TTClead ∆xlead ∆xlag ∆xlag
∆vlagx TTC
lag ∆vlagx ∆v
lag
x
TTClag ∆xlead TTClag
TTClead
ego vehicle still needs to pay more attention to the lag
vehicle’s behavior to ensure safety while following with
the lead vehicle because the ego vehicle almost completes
the merging task at this moment.
In the courteous scenario, at the moment
• ts: The ego vehicle makes decisions mainly depending
on the relative speed to the lead vehicle, with ∆vleadx
(p < 0.001), while slightly depending on the distance to
the lead vehicle ∆xlead (p = 0.003) and the risk level
with the lag vehicle TTC lag (p = 0.001).
• tm: The ego vehicle takes actions depending mainly on
∆xlag (p < 0.001) and ∆vlagx (p < 0.001), while slightly
on ∆xlead (p = 0.001) and TTC lead (p = 0.005).
• te: The ego vehicle will make decisions by using, but
not significantly, ∆xlag (p = 0.038), ∆vlagx (p = 0.012)
and TTC lag (p = 0.014). One more interesting finding is
that the ego vehicle would put his/her secondary-attention
from the lead vehicle to the lag vehicle.
3) Drivers always rely on certain basis variables during
the whole merging procedure. For example, when interacting
with a courteous driver, ∆vleadx (p < 0.001), v
ego
x (p < 0.001)
and vegoy (p < 0.001) are always the most significant variables.
The dominant ∆vleadx indicates that the ego vehicle will keep
paying attention to the relative speed to the lead vehicle, to
make a timely response to contextual changes.
Based on the above analysis, we summarize the significant
levels of each independent variable over the whole merging
process while interacting with the rude and courteous sur-
rounding vehicles in Table III. Three significant levels are
marked with dark gray (p < 0.001), gray (p < 0.01), and
light gray (p < 0.05).
D. Further Discussions
1) Potential Applications: The multi-dimensional states of
the complex environment can overwhelm human insights and
analysis. Even in a simple real-world autonomous task, the
sensory devices receive a large amount of information, but
most of which is useless for the task execution [9]. Hence,
it is crucial to know what information guides humans to
make decisions when interacting in a multivariate environ-
ment. Moreover, identifying the task-related variables and their
significance over time can help advance learning technologies,
such as reinforcement learning [49], [50]. However, existing
research on learning algorithms for the highway on-ramp
merge neglects the differences in each variable’s contribution
to the task execution over space and time [51], [52]. Therefore,
the obtained conclusions in this paper can benefit weighted
variable selection based on their significance, to improve the
learning performance.
2) Influences of Traffic Conditions: This paper mainly
focuses on a congested traffic condition. For the free-flow
traffic condition, the vehicle speed is high, and the gaps
between vehicles are large. The conclusions obtained in this
paper might not be suitable for the merge task in a free-
flow traffic condition due to the differences in merge location
and space/time gap [41]. Therefore, further investigation under
different traffic flow conditions is needed in future work.
3) Types of Vehicles: This paper mainly focused on the
interactions of cars, without considering other vehicles such
as trucks. However, the type of vehicles could influence the
lane-change decision of humans [53], and their preferences
in rude and courteous. For example, the driver in a passenger
car usually leaves an ample space ahead when interacting with
a fully-loaded truck. Therefore, the influences of the type of
vehicles on variable selection and social interactions would be
considered in future work.
VI. CONCLUSION
This paper provided insights into the influence of the social
preferences of surrounding vehicles on merging vehicles’ de-
cisions over time and space. We defined three critical moments
of highway on-ramp merge to describe the dynamic merging
process. Then, we specified two typical interaction scenarios
(i.e., rude and courteous) based on the social preferences of
the surrounding vehicles. Further, the selected independent
and dependent variables were analyzed based on the INTER-
ACTION dataset with the ANOVA approaches. Finally, two
fundamental mechanisms in merge task at highway on-ramps
with congested traffic are obtained:
• The social preferences of the surrounding vehicles impact
the variable selection of the ego vehicle when making
decisions.
• The variable saliency is not constant; that is, it varies over
the merging process with different social preferences in
rude and courteous.
The above two critical conclusions are expected to benefit
for decision-making algorithm design of autonomous vehicles
when interacting with human-driven vehicles.
REFERENCES
[1] A. Zgonnikov, D. Abbink, and G. Markkula, “Should I stay or should I
go? Evidence accumulation drives decision making in human drivers,”
2020.
[2] F. Marczak, W. Daamen, and C. Buisson, “Merging behaviour: Em-
pirical comparison between two sites and new theory development,”
Transportation Research Part C: Emerging Technologies, vol. 36, pp.
530–546, 2013.
[3] J. Sun, J. Ouyang, and J. Yang, “Modeling and analysis of merging
behavior at expressway on-ramp bottlenecks,” Transportation Research
Record, vol. 2421, no. 1, pp. 74–81, 2014.
c©2020 IEEE. Permission from the authors must be obtained for all other uses, in any current or future media, including reprinting/republishing this material for advertising or
promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works.
This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after which this version may no longer be accessible. 10
[4] N. H. T. S. Administration, “Summary of motor vehicle crashes: 2016
data,” United States. National Highway Traffic Safety Administration,
Tech. Rep., 2018.
[5] M. R. Endsley, “Measurement of situation awareness in dynamic sys-
tems,” Human factors, vol. 37, no. 1, pp. 65–84, 1995.
[6] W. Schwarting, A. Pierson, J. Alonso-Mora, S. Karaman, and D. Rus,
“Social behavior for autonomous vehicles,” Proceedings of the National
Academy of Sciences, vol. 116, no. 50, pp. 24 972–24 978, 2019.
[7] E. Koechlin, “Human decision-making beyond the rational decision
theory,” Trends in Cognitive Sciences, vol. 24, no. 1, pp. 4–6, 2020.
[8] H. Seo and D. Lee, “Neural basis of learning and preference during
social decision-making,” Current opinion in neurobiology, vol. 22, no. 6,
pp. 990–995, 2012.
[9] A. J. Langdon, M. Song, and Y. Niv, “Uncovering the state: Tracing
the hidden state representations that structure learning and decision-
making,” Behavioural processes, vol. 167, p. 103891, 2019.
[10] S. Yang, W. Wang, C. Liu, and W. Deng, “Scene understanding in deep
learning-based end-to-end controllers for autonomous vehicles,” IEEE
Transactions on Systems, Man, and Cybernetics: Systems, vol. 49, no. 1,
pp. 53–63, 2018.
[11] R. C. Wilson and Y. Niv, “Inferring relevance in a changing world,”
Frontiers in human neuroscience, vol. 5, p. 189, 2012.
[12] K. Ahmed, M. Ben-Akiva, H. Koutsopoulos, and R. Mishalani, “Models
of freeway lane changing and gap acceptance behavior,” Transportation
and traffic theory, vol. 13, pp. 501–515, 1996.
[13] G. Lee, “Modeling gap acceptance at freeway merges,” Ph.D. disserta-
tion, Massachusetts Institute of Technology, 2006.
[14] T. Toledo, H. N. Koutsopoulos, and M. Ben-Akiva, “Estimation of an
integrated driving behavior model,” Transportation Research Part C:
Emerging Technologies, vol. 17, no. 4, pp. 365–380, 2009.
[15] D. Sun and L. Elefteriadou, “A driver behavior-based lane-changing
model for urban arterial streets,” Transportation science, vol. 48, no. 2,
pp. 184–205, 2014.
[16] Z. Zheng, “Recent developments and research needs in modeling lane
changing,” Transportation research part B: methodological, vol. 60, pp.
16–32, 2014.
[17] W. Tang and D. M. Levinson, “Deviation between actual and shortest
travel time paths for commuters,” Journal of Transportation Engineer-
ing, Part A: Systems, vol. 144, no. 8, p. 04018042, 2018.
[18] H. Kita, “Effects of merging lane length on the merging behavior at
expressway on-ramps,” Transportation and Traffic Theory, pp. 37–51,
1993.
[19] J. Weng and Q. Meng, “Modeling speed-flow relationship and merging
behavior in work zone merging areas,” Transportation research part C:
emerging technologies, vol. 19, no. 6, pp. 985–996, 2011.
[20] T. Fatema and Y. Hassan, “Probabilistic design of freeway entrance
speed-change lanes considering acceleration and gap acceptance behav-
ior,” Transportation research record, vol. 2348, no. 1, pp. 30–37, 2013.
[21] J. Weng, S. Xue, Y. Yang, X. Yan, and X. Qu, “In-depth analysis of
drivers merging behavior and rear-end crash risks in work zone merging
areas,” Accident Analysis & Prevention, vol. 77, pp. 51–61, 2015.
[22] G. Li, “Application of finite mixture of logistic regression for heteroge-
neous merging behavior analysis,” Journal of Advanced Transportation,
vol. 2018, 2018.
[23] J. C. McCall, D. P. Wipf, M. M. Trivedi, and B. D. Rao, “Lane change
intent analysis using robust operators and sparse bayesian learning,”
IEEE Transactions on Intelligent Transportation Systems, vol. 8, no. 3,
pp. 431–440, 2007.
[24] Q. Meng and J. Weng, “An improved cellular automata model for hetero-
geneous work zone traffic,” Transportation research part C: emerging
technologies, vol. 19, no. 6, pp. 1263–1275, 2011.
[25] J. Weng, G. Du, D. Li, and Y. Yu, “Time-varying mixed logit model
for vehicle merging behavior in work zone merging areas,” Accident
Analysis & Prevention, vol. 117, pp. 328–339, 2018.
[26] D. Arbis and V. V. Dixit, “Game theoretic model for lane changing:
Incorporating conflict risks,” Accident Analysis & Prevention, vol. 125,
pp. 158–164, 2019.
[27] Q. Meng and J. Weng, “Classification and regression tree approach for
predicting drivers merging behavior in short-term work zone merging
areas,” Journal of Transportation Engineering, vol. 138, no. 8, pp. 1062–
1070, 2012.
[28] Y. Hou, P. Edara, and C. Sun, “Modeling mandatory lane changing using
bayes classifier and decision trees,” IEEE Transactions on Intelligent
Transportation Systems, vol. 15, no. 2, pp. 647–655, 2013.
[29] J. Tang, F. Liu, W. Zhang, R. Ke, and Y. Zou, “Lane-changes prediction
based on adaptive fuzzy neural network,” Expert Systems with Applica-
tions, vol. 91, pp. 452–463, 2018.
[30] F. Broz et al., “Planning for human-robot interaction: representing time
and human intention,” Ph.D. dissertation, Carnegie Mellon University,
The Robotics Institute, 2008.
[31] R. Kirby, “Social robot navigation,” 2010.
[32] J. Wei, J. M. Dolan, and B. Litkouhi, “Autonomous vehicle social
behavior for highway entrance ramp management,” in 2013 IEEE
Intelligent Vehicles Symposium (IV). IEEE, 2013, pp. 201–207.
[33] L. Sun, W. Zhan, M. Tomizuka, and A. D. Dragan, “Courteous au-
tonomous cars,” in 2018 IEEE/RSJ International Conference on Intelli-
gent Robots and Systems (IROS). IEEE, 2018, pp. 663–670.
[34] Y. Ren, S. Elliott, Y. Wang, Y. Yang, and W. Zhang, “How shall i
drive? interaction modeling and motion planning towards empathetic and
socially-graceful driving,” in 2019 International Conference on Robotics
and Automation (ICRA). IEEE, 2019, pp. 4325–4331.
[35] Y. Hu, L. Sun, and M. Tomizuka, “Generic prediction architecture
considering both rational and irrational driving behaviors,” in 2019 IEEE
Intelligent Transportation Systems Conference (ITSC). IEEE, 2019, pp.
3539–3546.
[36] O. Speidel, M. Graf, T. Phan-Huu, and K. Dietmayer, “Towards cour-
teous behavior and trajectory planning for automated driving,” in 2019
IEEE Intelligent Transportation Systems Conference (ITSC). IEEE,
2019, pp. 3142–3148.
[37] C. Oh and T. Kim, “Estimation of rear-end crash potential using vehicle
trajectory data,” Accident Analysis & Prevention, vol. 42, no. 6, pp.
1888–1893, 2010.
[38] D. Gettman and L. Head, “Surrogate safety measures from traffic
simulation models,” Transportation Research Record, vol. 1840, no. 1,
pp. 104–115, 2003.
[39] F. Cunto and F. F. Saccomanno, “Calibration and validation of simulated
vehicle safety performance at signalized intersections,” Accident analysis
& prevention, vol. 40, no. 3, pp. 1171–1179, 2008.
[40] J. Weng and Q. Meng, “Rear-end crash potential estimation in the work
zone merging areas,” Journal of Advanced Transportation, vol. 48, no. 3,
pp. 238–249, 2014.
[41] W. Daamen, M. Loot, and S. P. Hoogendoorn, “Empirical analysis of
merging behavior at freeway on-ramp,” Transportation Research Record,
vol. 2188, no. 1, pp. 108–118, 2010.
[42] J.-q. Wang, R.-j. Chi, L. Zhang, K.-q. Li, and T. Yu, “Study on forward
collision warning-avoidance algorithm based on driver characteristics
adaptation,” Journal of Highway and Transportation Research and
Development, vol. 26, no. supplement 1, 2009.
[43] J. Weng, S. Xue, and X. Yan, “Modeling vehicle merging behavior in
work zone merging areas during the merging implementation period,”
IEEE Transactions on Intelligent Transportation Systems, vol. 17, no. 4,
pp. 917–925, 2015.
[44] V. Alexiadis, J. Colyar, J. Halkias, R. Hranac, and G. McHale, “The next
generation simulation program,” Institute of Transportation Engineers.
ITE Journal, vol. 74, no. 8, p. 22, 2004.
[45] R. Krajewski, J. Bock, L. Kloeker, and L. Eckstein, “The highd dataset:
A drone dataset of naturalistic vehicle trajectories on german highways
for validation of highly automated driving systems,” in 2018 21st
International Conference on Intelligent Transportation Systems (ITSC).
IEEE, 2018, pp. 2118–2125.
[46] M.-F. Chang, J. Lambert, P. Sangkloy, J. Singh, S. Bak, A. Hartnett,
D. Wang, P. Carr, S. Lucey, D. Ramanan et al., “Argoverse: 3d tracking
and forecasting with rich maps,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2019, pp. 8748–8757.
[47] W. Zhan, L. Sun, D. Wang, H. Shi, A. Clausse, M. Naumann, J. Kum-
merle, H. Konigshof, C. Stiller, A. de La Fortelle et al., “Interaction
dataset: An international, adversarial and cooperative motion dataset
in interactive driving scenarios with semantic maps,” arXiv preprint
arXiv:1910.03088, 2019.
[48] K. P. Weinfurt, “Multivariate analysis of variance.” 1995.
[49] M. Song, Y. Niv, and M. B. Cai, “Learning what is relevant for rewards
via value-based serial hypothesis testing.”
[50] Y. Niv, “Learning task-state representations,” Nature neuroscience,
vol. 22, no. 10, pp. 1544–1553, 2019.
[51] T. Nishi, P. Doshi, and D. Prokhorov, “Merging in congested freeway
traffic using multipolicy decision making and passive actor-critic learn-
ing,” IEEE Transactions on Intelligent Vehicles, vol. 4, no. 2, pp. 287–
297, 2019.
[52] M. Bouton, A. Nakhaei, K. Fujimura, and M. J. Kochenderfer,
“Cooperation-aware reinforcement learning for merging in dense traffic,”
in 2019 IEEE Intelligent Transportation Systems Conference (ITSC).
IEEE, 2019, pp. 3441–3447.
c©2020 IEEE. Permission from the authors must be obtained for all other uses, in any current or future media, including reprinting/republishing this material for advertising or
promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works.
This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after which this version may no longer be accessible. 11
[53] S. Moridpour, M. Sarvi, and G. Rose, “Modeling the lane-changing
execution of multiclass vehicles under heavy traffic conditions,” Trans-
portation research record, vol. 2161, no. 1, pp. 11–19, 2010.
Huanjie Wang received the M.A. degree from the
School of Mechanical Engineering, Beijing Institute
of Technology (BIT), China, in 2016, where he is
currently pursuing the Ph.D. degree in mechanical
engineering. He has also been a Research Scholar
with the University of California at Berkeley (UCB)
since 2018. His research interests include automated
vehicle, situational awareness, decision-making, and
machine learning.
Wenshuo Wang (SM’15-M’18) received the Ph.D.
degree in mechanical engineering from the Beijing
Institute of Technology, Beijing, China, in 2018. He
is currently working as a Postdoctoral Researcher
with California Partners for Advanced Transporta-
tion Technology (California PATH), UC Berkeley.
He was a Postdoctoral Research Associate with the
Carnegie Mellon University, Pittsburgh, PA, USA,
from 2018 to 2019. He was also a Research Scholar
with the University of California at Berkeley from
2015 to 2017 and with the University of Michigan,
Ann Arbor, from 2017 to 2018. His research interests include Bayesian non-
parametric learning, human driver model, humanvehicle interaction, ADAS,
and autonomous vehicles.
Shihua Yuan received the B.S., M.S., and Ph.D.
degrees in vehicle engineering from the Beijing In-
stitute of Technology, Beijing, China, in 1982, 1985,
and 2000, respectively. From 1992 to 1997, he was
an Associate Professor with the Beijing Institute of
Technology, where he has been a Professor with the
School of Mechanical Engineering, since 1997. He
is the author of more than 100 research articles. His
research interests include vehicle dynamics, vehicle
braking energy recovery, vehicle continuous trans-
mission and its control technology, and unmanned
ground vehicle.
Xueyuan Li received the B.S., M.S., and Ph.D.
degrees in vehicle engineering from the Beijing In-
stitute of Technology, Beijing, China, in 1999, 2002,
and 2010, respectively. He was the Director of the
National Key Laboratory of Vehicular Transmission,
from 2008 to 2014. He is currently the Vice Director
of the Department of Vehicle Engineering, Beijing
Institute of Technology. Since 2002, he has been an
Associate Professor with the School of Mechanical
Engineering, Beijing Institute of Technology. His
research interests include vehicle transmission the-
ory and technology, unmanned vehicle theory and technology, and machine
learning.
Lijun Sun received the B.S. degree in Civil Engi-
neering from Tsinghua University, Beijing, China, in
2011, and Ph.D. degree in Civil Engineering (Trans-
portation) from National University of Singapore in
2015. He is currently an Assistant Professor with the
Department of Civil Engineering at McGill Univer-
sity, Montreal, QC, Canada. His research centers on
intelligent transportation systems, machine learning,
spatiotemporal modeling, travel behavior, and agent-
based simulation.
c©2020 IEEE. Permission from the authors must be obtained for all other uses, in any current or future media, including reprinting/republishing this material for advertising or
promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in other works.
